Query-Driven Visualization of Large Data Sets

Kurt Stockinger® John Shalff

Kesheng Wu# E. Wes Bethel®

Computational Research Division
Lawrence Berkeley National Laboratory
University of California

ABSTRACT

We presenta practicaland general-purposapproachto large and
comple visual dataanalysiswherevisualizationprocessingren-
dering and subsequenhumaninterpretationis constrainedo the
subsetof data deemedinterestingby the user In mary scien-
tic dataanalysisapplications, interesting” datacan be de ned
by compoundBooleanrangequeriesof the form (tenperature >
1000 AND (70< pressue< 90). As datasizesgrow larger, a
centralchallengas to answersuchqueriesasef ciently aspossible.
Prior work in the visualizationcommunityhasfocusedon answer
ing rangequeriesfor scalar elds within the context of accelerating
thesearclphaseof isosuricealgorithms.In contrastpurwork de-
scribesanapproachhatleveragestate-of-the-aindexing technol-
ogyfromthescienti c datamanagemergommunitycalled“bitmap
indexing” Our implementationwhich we call “DEX” (shortfor
dextrousdataexplorer), useshitmapindexing to ef ciently answer
multivariate, multidimensionaldataqueriesto provide input to a
visualizationpipeline.We presentananalysisovervien andbench-
mark resultsthat shov bitmap indexing offers signi cant storage
and performanceimprovementswhen comparedto previous ap-
proachedor acceleratinghesearclphaseof isosuriicealgorithms.
More importantly sincebitmapindexing supportscomplex multi-
dimensionalmultivariaterangequeriesjt is moregenerallyappli-
cableto scienti ¢ datavisualizationandanalysisproblems.In ad-
dition to benchmarlperformanceandanalysiswe applyDEX to a
typical scienti ¢ visualizationproblemencountered comhustion
simulationdataanalysis.

CR Categories: 1.3.6 [ComputerGraphics]: Methodologyand
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Filtering
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1 INTRODUCTION

Mary applicationscientistsattendinga recentseriesof workshops
held by the Scienti ¢ Data Managementommunityhave stated
that information managemenand analysisis a limiting factorin
scienti ¢ research.Simply put, thereis too muchdatato analyze
or visualize. Our work is motivatedby the desireto provide new
capabilitiesto meetthe “large data” challenge.Our work diverges
from previous efforts in large- and complex-datavisualizationin
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that we combinestate-of-the-arscienti ¢ datamanagemerntech-
nologywith visualizationtoolsto implementamethodologyknowvn
as“query-driven visualization. The fundamentalpremiseof our
work is to focusvisualizationprocessingndsubsequentisualin-
terpretationonly on datadeemedo be “interesting” asde ned by
the userandto usestate-of-the-artechnologyfrom the scienti ¢
datamanagementommunityto implementthe dataqueryportion
of theprocessingipeline.

Oneof thesigni cant challengedrom the eld of datamanage-
mentis datasearching.Many approachesave beenusedover the
years rangingfrom well-knowvn constructdik e B-treesto comple
indexing techniquesThevisualizationcommunityhastackledthis
problemaswell, notablyin thetopicof isosurficeaccelerationThe
mainthrustof mary isosuricepaperguringthelastdecadas how
tomorequickly nd cellsintersectingheisosurfice([9], [10], [17],
[27]). While theseapproachesvork well for single-aluedsearch
criteria, we usea methodologythat offers a capabilitynot possible
with isosurficeacceleratiortechniquesnpamelythe ability to per
form complex multidimensionalmultivariatequeriesaspartof the
visualizationandanalysigprocessandin afashionthatis generally
applicableto awide variety of applications.

To ef ciently answercomplex dataquerieswe turnto thescien-
tic datamanagementommunity We leveragean indexing tech-
nology known as“bitmap indexing” This approachis moregen-
eralthanpreviousworksdescribingsosuraceacceleratiorior two
primary reasons. First, the queriesthemseles may be compl«,
multidimensionaland multivariateratherthansingle-valued. Sec-
ond,the DEX architectureeffectively compartmentalizethe query
phasefrom the analysis,visualizationand renderingphases.The
resultis a e xible architecturethatis widely applicableto mary
differenttypesof dataanalysisand visualizationproblems. This
approachis not entirely new, asFastBit hasbeenusedto provide
multidimensional multivariate, large-scaledataquery capabilities
to challenginganalysisproblemsposedby dataproducedby High
Enegy Physicsexperimentq37].

There are two main contritutions of this paper First, we in-
troduceanarchitecturghatleveragestate-of-the-arscienti ¢ data
managemergoftwareto performhighly ef cient multivariatedata
queriesthat are usedas input to a generalvisualizationpipeline.
Our DEX implementatiorrealizesinteractve query-drien visual-
ization of complex datasetsproducedby contemporarccomputa-
tional science Secondye provide ananalysisovervienv andempir
ical benchmarkesultsthatcompareour approactwith prior work.
Our benchmarkstudiesfocus on the dataquery phaseof the iso-
surfacealgorithm: we comparethe performanceof the dataquery
phaseof awell-known accelerate@sosurficingalgorithmwith that
of the dataqueryphaseof DEX. The analysisindicatesthat DEX
has favorable storageand computationalcompleity when com-
paredto previous work. The experimentalresultsshav that DEX
outperformghe well-known acceleratedsosurficingalgorithmby
factorsrangingfrom 137% to 392% dependingupon the source
data.
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The restof this paperis organizedasfollows. In the next sec-
tion, we discussprevious work in several topics germaneto the
overallthemeof this paper In Section3 we presenthe DEX archi-
tecturealong with a discussiorof storageand performancecom-
plexity. Our experimentalresultsfollow in Section4, wherewe
provide a detaileddescriptionof the benchmarlusedto obtainper
formancepro les of DEX andawell-known acceleratedsosurfice
implementation We concludewith discussiorandsuggestiongor
potentialfutureresearch.

2 RELATED WORK

In the following subsectionswe review previous researchn sev-

eralareaggermando query-drizenvisualizationof large andcom-

plex data. Previous large-datavisualizationresearchtopics have

tendedo focuson scalablgechniqueshatincreasahe capacityof

thevisualizationpipelineratherthanto reducetheamountof “non-

interesting”datathat mustbe visually interpreted. Previous work

in the eld of query-drvenvisualizationhasfocusedon presenta-
tion and optimal implementatiorstratgjies. The relatedemening

eld of Visual Analyticsis predicateduponthe ability to nd and

display“interestingdata’ Previouswork in isosurficeacceleration
includesnumerousgechniquedo moreef ciently locatecells that

intersectan isosurfice. Bitmap indexing is a technologyfor per

forming rapid searchesvithin datasets.

2.1 Largeand ComplexData Visualization

In responseto increaseddata resolution, a number of research
projectshave focusedon techniquedor increasinghe capacityof
a visualizationpipelinethroughparallelism,or scalablevisualiza-
tion. Vislt [16] andParaView [1] aretwo examplesof scalableap-
plicationsthat usea paralleland pipelinedarchitectureto support
visualizationof large dataset®n parallelplatforms.They represent
a smallsampleof the enormoushody of scalablevisualizationand
renderingesearchrom the pasttwo decadesThe aim of theseap-
plications,andsimilar researctefforts, is to addresghe large data
challengeby bringing moreresourceso bearon the visualization
problem.While they areeffective in thatregard,they alsoincrease
the processindoad on the humanobsenrer, anddo not necessarily
aidin theunderstandingf largeandcomplex datasets.

Otherapproachesaimto reducethe downstreanprocessingand
visualinterpretatiooad by limiting the amountof datapresented
to the visualizationpipeline. The datasimpli cation approachin
[28] acceleratesisualizationby focusingprocessingnly on data
at the boundariesbetweentwo materials. Other examplescan be
foundin the myriad approache$o automaticfeaturedetectionand
data-miningapproachef25, 19]. Theseapproachearemostappli-
cableto con rm thepresencer absencef known phenomenalhe
opportunity costis the lost possiblity of discovering unexpected
featuresn the datanot savedto disk.

2.2 Query-Driven Visualization

The ideaof query-drien visualizationis not new. Like our work
here,previousworksin query-drvenvisualizationhave the aim of
highlightingdatathata userde nesas“interesting

The VisDB systemdescribedin [15] couplesa guided query-
formulation facility with a relevance-basedisualizationand pre-
sentationparadigm. All datain a given datasetis examinedand
ranked in terms of its relevanceto eachquery The resultis
O(n) memoryandprocessingompleity for eachandevery query
VisDB aimsto reducethe amountof datathatis displayedby us-
ing a setof statisticalheuristicsto selectthe datamostrelevantto a
query It usesa “relevancefactor”to place“similar data” closeto-
getherduring renderingto producethe visual appearancef “clus-
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Figure 1: A sample bitmap index where RID is the record ID and | is
the integer attribute with values in the range of O to 3.

ters! It appeargo be particularlywell-suitedfor usewith qualita-
tive and“fuzzy” queries.

More recently the Scoutsoftware systemdescribedn [20] pro-
videsthe ability to performexpression-basedueriesusinga sim-
ple programminglanguagealong with visualization,where both
queriesandvisualizationareexecutedentirelyonaGPU.TheScout
program,which is realized(compiled)asfragmentassemblerop-
erateson sourcedatathatis loadedas an OpenGLtexture on the
GPU.Theprogram(fragmentassembleris executecduringrender
ing: two-dimensionatiatais renderedasa singlequadrilateraland
three-dimensionalatais renderedasview-alignedslicesin back-
to-front orderasdirectvolumerendering.As described Scoutop-
eratesonly on 2D or 3D regular grid structuresandits capacity
is limited by the amountof datathatcanbe t entirelyinto GPU
texture memory The computationatompleity of Scouts query-
driven visualizationappeargo be O(n), aseachdatacell mustbe
examinedin answeringthe query However, sincen is small due
to the GPU memoryfootprintandthe GPU supportsconcurrensi-
multaneousexecution,Scoutexhibits excellentperformancechar
acteristics.

In both of thesecasesthe dataqueryphasds of O(n) complex-
ity, andis alsoinextricably embeddeadvithin a visualizationappli-
cation. The searchresultsin VisDB, which arein effect a ranked
orderingof the entire datasetaccordingto a relevancefactor are
thenusedasinput to a setof subsettingools that usestatisticsto
partitionthe ranked searctresults. The searchresultsin Scoutare
the pixel fragmentghatultimatelyappearwon-screen.

The term “visual analytics” hasbeencoinedto describea set
of actwities thatadddiscourseanddynamicinteractionto the pro-
cessof analysisandvisualization. Recentprogressn theseareas
spansa diversity of topics,rangingfrom more effective meansfor
displayingcomplex andmultidimensionadata[15, 24, 26], novel
approachesor interactionthat aid in navigating throughcomple
informationspace$32, 14], anda classof applicationghatencom-
passhothvisualizationandanalysig12]. Arguably acentraltheme
of theseworksis to aid in discovery by reducingvisual compleity
by conveying only thatinformationof interestto a particularline of
inquiry.

2.3 Bitmap Indices

Bitmap indicesare ef cient index datastructuresfor accelerating
multi-dimensionarangequeriesfor read-onlyor read-mostlydata
[22, 36]. Givenn recordswith c distinctattribute values,the basic
bitmapindex [8] generates bitmapswith n bits each. A bit in a
bitmapis setto 1 if theattributein therecordis of a speci c value,
otherwisethe bit is setto 0. For example,the integer attribute |
shavn in Figurel canbeoneof four distinctvalues,0, 1, 2, and3.
For eachvalueonebitmapis generatedSincethevaluein record5
is 3, the fth bitin by is setto 1 andthe samebits in otherbitmaps
are0.

Bitmap indices are efcient for processingmultidimensional
rangequeriessuchas“l < 2 andJ > 3". The queriesare evalu-
atedwith bitwiselogical operationghatarewell-supportedy com-



puterhardware. Multidimensionalandmultivariatequeriesaresim-

ply linear combinationsof single-\aluedqueries. For this reason,
bitmapindexing doesnot suffer from the “Curse of Dimensional-
ity” [5] in which addingmoredimensiongesultsin anexponential
growth in storageandprocessingequirementsSucharecharacter
istics commonlyassociatedvith tree-basednethodsfor indexing

andsearching.

One concernwith ary indexing strategy is the storagecostfor
the index itself. Oneway to reducethe storagerequirementfor
bitmapindicesis via compression.An ef cient bitmap compres-
sion schememustreducethe size of bitmapsaswell asef ciently
performbitwise Booleanoperations.Several bitmap compression
methodswere studiedin [2, 13]. The authorsdemonstratedhat
the Byte-alignedBitmap Code(BBC) [3, 4] shaws the bestover
all performancecharacteristics. More recently [36] introduced
a new compressiormethodcalled Word-Aligned Hybrid (WAH).
[36] shawvs thetime requiredto answera rangequeryusinga com-
presseditmapindex to be optimal,wherethe worstcaseresponse
time is proportionalto the numberof hits returnedby thequery

Traditional bitmap indices encodeeachdistinct attribute value
asonebitmap vector which is very efcient for dataof low car
dinality. Scienti ¢ data,however, is typically of high cardinality
andrepresentedn oating point format. [31] demonstrateshat
bitmapindiceswith binningcansigni cantly speedup multidimen-
sional queriesfor high-cardinalityattributes. Ratherthanencode
eachdistinct attribute value, bitmap indiceswith binning encode
attributeranges FastBitsupportdwo differentbinning stratgjies—
equidepttbinningandequiwidthbinning. The equidepthapproach
selectdin sizesin amannetthatensureghatnearlythe samenum-
berof itemsendup in eachbin. (Note: An analogyis “histogram
equalizatiori, whichemplogysamonotonicnon-lineamappingthat
reassignsheintensityvaluesof pixelsin theinputimagesuchthat
theoutputimagecontainsa uniformdistribution of intensities.)The
equiwidthapproactsimply subdvidestherangeof thedatasetnto
a x ed numberof bins. [31] shows that binning is very effective
for high-cardinalityattributes, including doubleprecision oating
point data,andthe performancas insensitve to the queryspeci -
cation.

2.4 Isosurfaces

The canonicalisosurficealgorithmconsistsof two broadprocess-
ing steps: rst, nd cellsthatcontaintheisosurfice,andthengen-
erategeometryfor the surfacepassinghroughthe cell. Generally
speakingthe evolution of isosuricealgorithmsover the pasttwo
decadesasfocusecnimproving performancef thesearclphase:
asdatagrowslarger, the costof searchingellsto nd thosethatin-
tersecthe surfacedominateghe complexity term.

An earlyimplementatioris the MarchingCubesalgorithm[18].
It exhibits O(n) compleity in the searchphaseasit mustexamine
everycellin thedataseto determinef thecell intersectsheisosur
face.Interval-treeindexing structurecanhelpaccelerat¢hesearch
process. One suchimplementation,basedon an octreeand de-
scribedn [34] acceleratethesearchphaséy eliminatingbranches
that do not containary cellsintersectingthe isosurfice. Suchap-
proachesresusceptibléo worst-caseompleity whenthe source
datais noisy or containssmall-scale uctuations. The compleity
of theoctreeapproactwaslateranalyzedn [17] andfoundto have
compleity O(k+ klog(n=k)) wheren is thesizeof thedatasetind
k is the numberof cells that intersectthe isosurfice. Span-space
sear(i;\esan alternatve to intenal-treesasdescribedn [17] result
in O(" n+ k) compleity by usingk-d trees[6] to quickly locate
cellsthatintersectheisosurfice.[27] furtherimproveson this ba-
sic ideaby usinga 2D regular lattice of tunableresolutionrather
thana k-d treein the searchphase. This approachwas shavn to
lenditself well to effective load balancingin a parallelimplemen-
tation. [9] describes two-level, out-of-coreapproactto accelerate

isosurbceextractionthatis basedn theideasof interval treesand
spatialpartitioning/clusteringhatis amenableo ef cient 1/O.

Noneof thesesearchalgorithmswould be effective for thetype
of multidimensional multivariatequeriesneededor query-drven
visualization. Nor do ary appearto be well suitedfor usewith
dynamic (e.g., streaming)datasources. One of the key features
of our approachs the ability to supportmultidimensionafeature-
basedsearchegor interactve re nementof featurevaluessuchas
temperature or pressue.

3 DEX ARCHITECTURE

TheDEX implementatiorconsistof four broadprocessinghases.
First, we createindex structureslater usedto acceleratedata
searchesOncetheindex structuresreconstructedthey arereused
andtheir constructioncostamortizedacrossmary dataqueries,or
index searches.Second,anindex searchingphaseusesthe index
structuresto quickly nd datathat satis es userspeci ed search
criteria. Third, the searchresults(datacells) are organizedinto
connectedspatialregionsin a processingperationwe referto here
as“region growing”” In practice,the datacells producedrom the
initial queryor the connectedegionsarethenpassedilongto the
fourth stage,which is visualizationand rendering. In the imple-
mentationwe presenthere, the connectedregions are then con-
verteddirectly to geometryfor direct renderingusinga cuberille-
style presentatiorj23]. Generallyspeaking,the resultsfrom the
index searchingphasemay be usedasinput to codesthat perform
analysisor othertypesof visualizationor rendering.

3.1 Index Construction

In thecontet of this papertherearetwo primaryfactorsof concern
with respecto constructingheindex structuresusedto accelerate
dataqueries:the computationatompleity of theindex construc-
tion algorithmandthe storagerequirementsf theresultingindex.

In thecaseof bitmapindices theindex constructiorsteprequires
that eachdatavalue be examinedand the correspondingditmap
codeappendedo the bitmapindex structure.Theresultis of O(n)
computationatompleity. In contrasttree-basednethodsin gen-
eralrequireeithera completesortsothatinsertionsare performed
in lineartime, or they performa sortedinsertioninto a tree-based
index structurefor eachdatapoint. Either approachresultsin a
complity of O(nlogn), which is consistenwith resultsreported
by otherswho have acceleratedsosurfice extraction using span-
spaceindexing structures([27], [17], [9], [10]). Sinceno inser
tions, sortsor tree rebalancingoperationsare are neededo con-
structbitmapindices,they areparticularlyattractive asthe valueof
n increases.Similarly, bitmapindicesare particularlywell suited
for usein streamingappendlndout-of-coreoperations.

A completediscussionof the storagerequirementdor bitmap
indicesaswell asa comparisorwith tree-basednethodss beyond
the scopeof this paper The ultimatesizeof ary indexing structure
is highly dependentiponthe characteristicef the underlyingdata.
Nonethelessprevious studies([35], [36]) prove thatin the worst
casefor adatasedf n valuestheupperboundin sizeof the bitmap
index is 2n words. In contrasttheupperboundworstcasefor tree-
basedstructureqB-trees,octreesquad-treesetc.) is expectedto
be O(nlog, n) in theory andhasbeenobsened to be about4n in
practiceasthe logarithmic basek increaseso re ect a large data
pagesize[36].

3.2 Index Searching

Oncethe searchdatastructures(bitmap indices) have beencon-
structedthenext phaseof processings to nd datacellsthatful Il



searclrriteriaandprepareheresultsfor ef cient dowvnstreanpro-

cessing. The primary strengthsof the bitmap indexing approach
are: (1) its low computationaland storagecompleity, and (2)

its ability to efciently answercomple, multidimensionalrange
queriesin time complity proportionalto the numberof itemsre-

turnedby the query The DEX implementationpresentghe user
with a GUI thatfacilitatesthe compositionof a query andis de-

scribedin moredetailin [29]. Behindthe GUI, the FastBitsoftware
performsdataqueriesn worst-casé(k) compleity, wherek is the

numberof cellsthatmatchthe searctcriteria[36].

For corvenienceof later operationsye cornvert the compressed
bitmap generatediy indexing operationsinto a list of blocksin
spacewhereeachblock represents seriesof cellsthatwerecon-
secutvein thebitmaprepresentatiorf-or datafrom 3D spacethere
arethreetypesof blocksthatcanbe generatedrom a compressed
bitmap: a line segmentof connectectells; a group of connected
lines;andagroupof connectegblanes. Eachof theseblocksof cells
represents setof consecutie bits thatare 1. Thesebits aretypi-
cally representeth avery compacform in thecompressedtitmap.
Thereforethe spaceoccupiedby thecompresseditmapis propor
tional to the numberof blocks produced. If only one attribute is
involved in the query the total size of all bitmapsinvolvedin an-
sweringthequeryis alsoaboutthe sizeof theresultingbitmap[36].
Theproces®f cornvertingaconsecutie groupof 1sto ablocktakes
a constantnumberof machineinstructions thereforecorverting a
word-alignedhybrid (WAH) compressetitmapto alist of blocks
scaledinearly with the numberof blocks[36].

3.3 RegionGrowing

Next, we take the blocks returnedby the index searchand group
theminto arbitrarily shapedconnectedegions, a processwe re-
fer hereto as“region growing.” Our basicapproachis to identify
blocksthat belongto the sameregion usingan algorithmthat has
anorderof compleity thatis sublineamwith the numberof blocks.
Blocks are considerecheighborsif they shareary face, edgeor
corner(26-connectedeighbors) Uniqueregionsidenti ed via the
region growing processrethenassigneduniquelabel. Thistype
of approachoperatesvell regardlessof the resultingconcaity or
corvexity of theresultinggrown region.
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Figure 2: Blocks in space with three spatial dimensions.

A typical representationf blocksin a spacewith threespatial
dimensionss shavn in Figure2. The region growing algorithm
stepghroughtheseblocksandlabelstheregionsthatareconnected.

In this example therearethreeregionsthatarelabeledfrom 1 to 3.
See[30] for details.

3.4 Geometry Construction

FastBitusesavery compacmechanisnfor presentinghecellsthat
matchaqueryexpressiorin theform of alist of blocks. Theblocks
are 3D boundingbox coordinatedfor the regions that matchthe
query andcover the entireselectedspace While this approacthof-
fersacompactepresentatiofor identifyingtheselectionjt cannot
be usedin the visualizationpipeline becauseneighboringblocks
will be topologically disjoint unlessthe cornersof the bounding
boxesarecoincident.Thecell-centerediatavaluesassociatedvith
the selectioncannotbe mappedonto sucha disjoint topologyin a
mannerthat can be usedby later stagesof the visualizationpro-
cessingpipeline. Therefore,we corvert the list of blocksinto an
unstructurednite elementmeshthat representshe outer hull of
the selection.The latter corversionis usefulfor simply represent-
ing the outerhulls without gapsbetweemeighboringmeshpoints.
Theformeris usefulfor passingthe cells that matchthe selection
to othervisualizationalgorithms.For example,onemay rst subset
cellsbasedipontheCH4 concentrationthendoavolumerendering
of densty only on cellswithin a certainrangeof CHg.

An examplevisualizationproducedby DEX is shawvn in Figure
3. It shavsfour differentuserqueriesof atypical interactive analy-
sisonacomhustionsimulationdataset. It demonstratesow datais
progressiely interrogatedto focuson cellsthat containproperties
of interest. In the rst frame (a), the search nds the areascon-
taining a high concentratiorof CHg4, a key ingredientneededor
comtustion (fuel). The secondframe (b) shaws the areasin the
datasewherethe temperaturds low indicating areasthat are ei-
ther pre-or post-comhbistion. The comple structuresn the center
shav theturbulencein the coolerfuel beforecomhustion,whereas
the smootherareasat the top and bottom are outsidethe ignition
zone. The third frame (c) shavs how the query canbe modi ed
to rejectlow temperatureareasthat are outsidethe region where
CH, concentrations high. It leavesonly the complex structureof
the coolerfuel in the centerof the simulationdomain,eliminating
the“uninteresting”dataat the outerboundariesThelastframe(d)
shavs how the searchs progressiely re ned to winnow in onthe
“interesting”data.

3.5 Multir esolutionSupport

In somecasesthe numberof datavaluesreturnedby a querycan
exceedthe availableprocessingesourcesFor this reason FastBit
supportsa stratgy for returningqueryresultsat differentlevels of
resolution. FastBitcanencodethe indicesfor a hierarcly of reso-
lutions — eachrepresenting coarserdowvnsampledversionof the
originaldata.Whenaqueryis performedtheapplicationcanspec-
ify alevel of resolutionthatis desiredfor thereturnedresults.

Bitmap indices ef ciently estimatethe number of cells that
would bereturnedby aquery Theapplicationcanrequestnexact
countof thenumberof cellsthataquerywould returnbeforethelist
of blocksis generated.Given an accurateperformancemodel for
pipelineprocessingf the cells or renderingperformancethe esti-
mationinformationcanguideselectionof a level of resolutionthat
would staywithin theresponséime or resourceébudgetspeci ed by
theuseror application.

Currently the dovnsampledsersionsof the datausea naiwve al-
gorithm that takes one cell out of a 2x2x2 clusterof cells for the
coarsenedrid. Topologicaldetailcanbelostin this kind of down-
samplingprocess. In the future we will considermultiresolution
samplingstratgiesthataddresgoncernsabouttopologicalcorrect-
ness.



(8)CH4 > 0:3 (b)temp< 3

(c) CHy > 0:3 AND
temp< 3

(d) CHs > 0:3 AND
tenp< 4

Figure 3: A visualization of a combustion analysis dataset displays
the cells selected by various user queries. The selected cells are
colorized by their region label that is assigned by a 3D region grow-
ing algorithm. The image is an example taken from the combustion
studies where the goal is to track the ignition kernel of a ame .

4 EXPERIMENTAL RESULTS

The benchmarksve presenin this sectionareintendedto answer
two key questions.First, whatis the costof constructingbitmap
indices?Secondhow doesthedatasearctcapabilityof DEX com-
pareto a“standardmplementation’of anisosurficealgorithmthat
usesa span-spaceechniqueo acceleratelataqueries?

The sourcedatafor the benchmarksonsistsof a multivalued
comhustion simulation datasetcontainingabout 56 million data
pointsfrom agrid thatis 383® in resolutionand38variablegergrid
cell [33]. While we have accesgo muchlarger datasetswe chose
this resolutionso that both DEX and VTK's AcceleratedViarch-
ing Cubesalgorithmwould run completelyin-core,andeliminate
ary issueghatmight arisefrom memoryswapping. The hardware
we usedfor the benchmarkss a 2.8GhzP4 machinewith 2GB of
RAM, anda SCSIRAID capableof 60MB/sin I/0O bandwidth.

4.1 Index Construction

As previously discussedthe sizeof ary indexing structures in u-

encedby the qualitiesof the underlyingdataaswell asthe speci ¢
indexing scheme. For the purposef this experiment,we wrote
a standalonepplicationthatreadsall datavaluesfor a given eld

into memory performsthe indexing, thenwrites the index out to
a le. This processingstepneedbe performedonly once,andthe
resultingindex is usedasinput only to the dataquerystageof pro-
cessingNotethatthedataquerystageof processingroducesiata
cellsthatarethenpassedalongto downstreamanalysisvisualiza-

Variable Index Size(MB) Index SizeFactor Time(sec)
pressue 77.59 0.36 7.47
densty 128.70 .60 8.56
temp 124.93 .58 8.76
x_velocity 247.49 1.15 13.30
H,O 263.64 1.23 13.04
CHy 314.88 1.46 13.49

Table 1: The table above shows the time and storage requirements
for the Index Construction portion of processing. The size of each
input variable is 214.31MB, which is the space requirement for an
uncompressed 383 grid of 4-byte oating point values. The time
column indicates the number of elapsed seconds required to create
the bitmap index from the original data eld.

tion andrenderingmodules.

Tablel liststhesizeof theoriginaldata eld, thesizeof thecor
respondingbitmapindex, andthe length of time requiredto con-
structthe bitmapindex from the sourcedatafor a randomsubset
of the 38 simulationvariables.Eachbitmapindex consistsof 100
range-encodedlins compressedavith WAH [36]. The size of the
index for eachgiven eld variesasafunctionof thesourcedata.At
thelow end,the pressue index is 36%thesizeof theoriginal data,
while at the high end,the CH, index is 146%the size of the orig-
inal data. For theseexperimentswe werenot ableto measurehe
sizeof the span-spactreeVTK constructdo acceleratéts isosur
facealgorithm. Tree-basedtructureshowever, areknown to have
O(nlogy n) storagerequirements.

4.2 Data Search Performance Analysis

We constructeéd benchmarkhatis intendedo measurehe perfor
manceof the datasearchphaseof DEX with thatof VTK's Accel-
eratedMarching Cubesimplementationwhich usesa span-space
techniqueto acceleratalatasearchoperations.ldeally, we would
measureand reportthe time requiredfor the cell searchphaseto
compareonly the searchcapabilitiesof bitmapindexing with that
of a span-spaceearchalgorithm. Dueto the detailsof how anap-
plicationcanuseVTK' salgorithm,suchanexactcomparisons not
possible Thereforetheseriesof resultsthatfollow includetimings
for two stageof processing(1) thetime requiredto nd cellsthat
intersectheisosurfice(VTK) or meetgivensearctrriteria(DEX),
and(2) thetime requiredto generatésosurficetrianglesfrom each
cell containingtheisosurice(VTK) or to generata nite-element
hexahedrorfrom the cell satisfyingthe searctcriteria (DEX).

For the rst stage— nding cells that meeta searchcriteria —
VTK andDEX are performingsimilar but slightly differenttasks.
VTK is usinga span-spacalgorithmto nd cellsthatintersecthe
isosurfice. This corresponds$o an==operationin the sensehat
the search nds all cells that containthe isosurfice. In contrast,
DEX is performinga < = searchoperationwhich effectively nds
all datapointsthatlie insidethe isosurfice,not just thosecells on
the surface. In the rst stageof processingpur benchmarlgives
VTK anadwantagen thatDEX producesnoreoutputdueto differ-
entsearchcriteria. Span-spacsearcheseturncells basedupona
min/maxencodingsn the searchstructure wheread-astBitreturns
datapointsbaseduponrangequeries.

For thesecondstage- generatindgsosurficegeometryfrom cells
thatmeetthe searctrriteria— VTK andDEX again areperforming
somavhat differenttasks. For eachcell that intersectshe isosur
face, VTK producestrianglesthat representhe isosurficeinter
sectingthe cell. We estimatethat approximately2.5 trianglesare
generateger cell [7]. In contrast,DEX is producinga nite ele-
menthexahedrorfor eachcell consistingof 12triangles.BothVTK
andDEX aredoingO(k) work in this stageof processingbut DEX
is generatingmore absolutegeometryper cell thanVTK, aswell



generatinggeometryfor a volume of cells ratherthanfor cells on
thesurfaceof theisosurfce.

For the benchmarkwe performeddataextractionandgeoemtry
generatiorover thirty differentisovaluesevenly distributedoverthe
rangeof thedomainspacedor aparticulardata eld. We performed
this testover threedifferent elds: densty, H,O, and x_velocity.
The executiontimesfor thesequeriesfor both DEX andVTK are
shawn in Figures4 to 6. Theresultsaresummarizedn Table2, and
indicatethat DEX is outperformingVTK by factorsrangingfrom
137%to 392%in taskconsistingof a searchphasefollowed by a
geometryproductionphase.

Figure 4: Performance comparison of VTK's Accelerated Marching
Cubes and DEX for attribute densty.

Figure 5: Performance comparison of accelerated Marching Cubes
and DEX for attribute H20.

Digging deeperinto the DEX pipeline, we measuredhe con-
tributionsfrom eachof the threestagesof processingnvolved in
producingoutput. Thesearereportedn Figures7 through9. These
stagesare (1) index searchingto locatethe cells that satisfy the
searchcriteria, (2) labeling the connectedregions, and (3) con-
structing nite elementgeometryfor eachof theseregions. For the

Figure 6: Performance comparison of accelerated Marching Cubes
and DEX for attribute x_velocity.

Algorithm Density H,O  X_velocity
Avg VTK time 9.22 7.36 6.79
Avg DEX time 2.35 5.34 3.32
DEX speedup 392% 137% 204%

Table 2: Summarizing the overall performance numbers from Figures
4 to 6, we see that the data searching and geometry construction
times for DEX are better than VTK's accelerated Marching Cubes
implementation by factors ranging from 137% to 392%.

attribute densty, thesethreetime factorsareaboutequal. For the
attributesH,O andx_velocity, the time for building the geometry
takesup mostof thetime, andis linearwith the numberof cellsin
theisovolume. Thetime for the bitmapindex searchandtheregion
labelingdepend®nthedistribution of theattribute. In otherwords,
if the cells andregionsthat satisfya particularregion aredensely
pacledin spacethecostof nding thosecellsandlabelingthere-
gionis substantiallysublinear Notethattheregionlabelingstepis a
featurenotcommonlyassociateavith thedatasearchalgorithmsin
ary of thepublishedsosurficeacceleratiomlgorithms andre ects
oneof theuniquecapabilitiesof usingthe FastBitbitmapindexing
implementation.

5 FUTURE WORK

Thework we have describedllustrateshow state-of-the-arntlatain-
dexing andsearchingechnologyfrom the scienti ¢ datamanage-
mentcommunitycanbesuccessfulljeveragedo acceleratguery-
driven visualization. As a resultof this initial effort, we ervision
further researchand developmentalong a numberof differentav-
enues.

2 Incorporationinto MainstreamMisualizationTools Thecapa-
bilities of fastbitmapindicesneednotbe maroonedn a stan-
daloneresearclprototypelike DEX. We alreadyhave work
undervay that will resultin thesecapabilitiesbeing an in-
tegral part of mainstreanvisualizationapplications. This is
importantfor it represents transitionof researchechnology
into thehandsof scientistawith challengingdataanalysisand
visualizationproblems.

2 Seach EstimationandMultiresolutionQueries anill-formed
query can potentially return “all of the data” To help pre-



Figure 7: Various time factors of DEX pipeline for attribute densty.

Figure 8: Various time factors of DEX pipeline for attribute H,O.

vent downstreamsaturationwe cantake advantageof Fast-
Bit' s ability to quickly generatean estimateof the numberof
cellsthatwill satisfya multidimensional multivariaterange
queryto requesteduced-resolutiorearches.

2 Topolagy-PreservingMultiresolutionQueries An early pro-
totype (not discussedn this paper)createsmultiresolution
datahierarchiesusing simple subsamplingf data. A better
approachs to modify the method<or developingmultireso-
lution indicessothatif anyof thecellsthatarecontainedy a
coarsenedell meetthequeryrequirementsthe ner cell will
be selected. This approachensureghat featuresthat would
otherwisedisappearat coarserlevels of the multiresolution
hierarcly will remainatary level of detail.

2 \iew DependenSubsettingThequeryresponséimesfor fast
bitmapindicesarerelatively insensitie to the compleity of
the query expression. Therefore,if the cartesianocation of
eachgrid pointis encodedn theindices,queriescanembeda
regionof interest(or alist of ROIs) thatarewithin theviewing
coneof the projectionmatrix. This informationcanbe used

Figure 9: Various time factors of DEX pipeline for attribute x_velocity.

to returnonly the cellsthatarecurrentlyin theviewport.

6 CONCLUSIONS

We have presentedEX, animplementatiorof query-drvenvisu-
alization that leveragesstate-of-the-artlataindexing and search-
ing technologyfrom the scienti ¢ datamanagementommunity
Leveragingsuchtechnologyallows usto bene t from reducedcom-
putationalindstoragecomplecity whencomparedo previouswork
in bothquery-drvenvisualizationaswell asisosurficeacceleration
algorithms. The basisfor comparisorwastwo primary processing
regimes: index constructionand dataquery For the index con-
structionphase,our index constructionalgorithm hasO(n) com-
plexity, andrequiresO(n) storage.In contrast,previous methods
from span-spacacceleratedsosurficing require O(nlogn) stor
ageand computationakompleity. For the searchphase FastBit
wasshavn to have O(k) compleity, wherek is the numberof data
cellsreturnedrom a searclof n dataitems. Thebenchmarkesults
shav that our datasearchalgorithmperforms,on the averageand
for the datasetwve tested,from 137%to 392%fasterthanVTK's
AcceleratedMarching Cubesalgorithm, which usesa span-space
techniqueto acceleratelataqueries.Beyondthe performancéden-
e ts, our approachis capableof performingarbitrarily comple,
multivariateandmultidimensionatangequeriesn O(k) time. This
new capabilityis beyond the scopeof whatis possiblewith tree-
basedmethods,and hasbeenshavn to be applicablein otherre-
searchto challengingdataanalysisproblemsin the High Enegy
Physicscommunity The DEX implementations structuredso as
to demonstratédvon modularizingthe pipelineprocessingtages-
index constructionjndex searchingyisualization,andrendering—
resultsin a e xible architecturan which state-of-the-arscienti ¢
datamanagementiechnologycanbe effectively appliedto a large
numberof dataanalysisandvisualizationproblems.
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